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Abstract 
For use as decision support for variable rate applications in precision agriculture, the commonly 
used sample point density of one sample per hectare is often not enough. However, increasing the 
sampling density using laboratory analyses is too expensive for farmers to implement. It is there-
fore important to find methods for rationalisation. To this end, farm-scale visible and near infrared 
reflection (vis–NIR) calibrations were established on two farms in southern Sweden (Hacksta and 
Sjöstorp) for soil texture, soil organic matter, total N, pH and plant-available P, K and Mg. By 
keeping the laboratory analyses to a minimum to be used for vis–NIR calibrations and only collect-
ing vis–NIR spectra from the vast majority of the samples, the sampling density could be increased 
without significantly increasing the cost. In this study 25 samples were used in the calibrations. Six 
different calibration sample selection methods were compared, selected from three different data-
sets originating from a larger context aiming at covering soil variations. Using only 25 calibration 
samples resulted in good predictions for clay at both farms, r
2 values of 0.81 and 0.89 and RMSEP 
values of 3.6 and 3.9%. Sand, soil organic matter and total nitrogen were well predicted at Hacksta 
(r
2=0.87, 0.90 and 0.89 and RMSEP=3.0, 0.28 and 0.018% respectively) but 25 samples proved to 
be too few at the geologically divided farm Sjöstorp. For predicting pH and plant-available P, K 
and Mg, more than 25 calibration samples were needed at both farms, although with 75% of all ref-
erence samples (92 and 94 at Hacksta and Sjöstorp respectively) in the calibration these parameters 
also showed potential for building useful NIR calibrations (RPD values between 2.3 and 2.8 except 
for the predictions for pH at one of the farms resulting in an RPD value of 1.6). However, predic-
tions for silt content were less reliable and the small number of calibration samples was not the li-
miting factor in this case. The promising results are encouraging for further development of cost-
effective high resolution farm soil maps using NIR spectroscopy. 
Keywords: Diffuse reflectance spectroscopy, Plant-available P, K and Mg, Soil pH, Precision agri-
culture, Clay, Soil organic matter 
 
Introduction 
Farm soil mapping is the main source of information to 
farmers on the plant nutrient status of their soil and 
provides basic data for decision-making on e.g. fertili-
sation and liming. In contrast to the more stable para-
meters such as soil texture and to some extent soil 
organic matter (SOM) content, the amount of plant 
nutrients changes due to farming practices and thus 
farm soil maps need to be renewed regularly. The 
conventional soil sampling density in Sweden and 
many other countries is one sample per hectare. Soil 
texture and SOM content are often analysed on every 
second or third sample or not at all. However, soil 
properties can vary extensively within fields (e.g. 
Delin and Söderström, 2003) and for reliable decision 
support in precision agriculture for variable rate appli-
cations, this density would not be sufficient. Soil sam-
pling and conventional laboratory analyses are time-
consuming and costly. Increasing the sampling density 
would simultaneously increase the cost and would thus 
become too expensive for farmers to implement. It is 
therefore important to find methods for rationalisation. 
Near infrared reflectance (NIR) spectroscopy is fre-
quently put forward as such a technique (van Vuuren et 
al., 2006; Viscarra Rossel et al., 2006; Wetterlind et 
al., 2008b; Zornoza et al., 2008). NIR is a fast non-
destructive technique that only requires limited sample 
preparation. In addition, several properties can be 
determined from a single scan. A number of studies 
have shown the potential of NIR to predict soil texture 
(Chang et al., 2001; Shepherd and Walsh, 2002; Islam 
et al., 2003; Moron and Cozzolino, 2003; Viscarra 
Rossel et al., 2006) and SOM content (Dalal and Hen-
ry, 1986; Morra et al., 1991; Sudduth and Hummel, 
1991; Reeves et al., 1999; Chang et al., 2001; Udelho-
ven et al., 2003; Wetterlind et al., 2008a). Particle size 
and SOM content could be considered primary proper-
ties in relation to NIR, since NIR spectra are directly 
influenced by combinations and overtones of funda-2 
 
mental vibrations for organic functional groups, partic-
lesize and surface properties (Ben-Dor and Banin, 
1995b; Chang et al., 2001). Other farm soil mapping 
properties such as plant nutrients and pH may in some 
situations be predicted with NIR spectroscopy due to 
correlations to more spectrally active properties (Ben-
Dor and Banin, 1995a; Chang et al., 2001). Promising 
results have for example been reported for prediction 
of e.g. pH (Malley et al., 1999; Dunn et al., 2002; van 
Vuuren et al., 2006), various forms of phosphorus 
(Malley et al., 1999; Daniel et al., 2003; Bogrekci and 
Lee, 2005; Maleki et al., 2006), potassium (Chang et 
al., 2001; van Vuuren et al., 2006; Zornoza  et al., 
2008) and magnesium (Malley et al., 2000; Shepherd 
and Walsh, 2002; van Groenigen et al., 2003; Maleki et 
al., 2006). 
In the majority of the field-scale NIR calibrations 
presented in earlier studies, a substantial amount of the 
soil samples have been used in the calibrations, result-
ing in laboratory analyses on more than one sample per 
ha (e.g. McCarty and Reeves, 2006; Viscarra Rossel et 
al., 2006; He et al., 2007). However, if the vast majori-
ty of the samples are measured for their NIR spectra 
only and the number of reference samples with labora-
tory analyses is kept to a minimum for NIR calibra-
tions and prediction of those with NIR-data only, the 
sampling density can be increased without significantly 
increasing costs. Wetterlindet al. (2008b) presented 
promising results  from such a strategy for clay and 
SOM content from one of the farms included in the 
present study. With few calibration samples, it is cru-
cial to cover as muchof the variation as possible. Wet-
terlindet al. (2008b) selected calibration samples from 
the two different sampling strategies according to their 
ECa  or reflectance values from a satellite image. 
Another possible way,as proposed by e.g. McCarty and 
Reeves (2006), is to select the most spectrally diverse 
samples for calibration.  Stenberg et al. (1995)  pre-
sented a method for selecting a small subset of samples 
while retaining a maximum of the original variation in 
important soil properties using principal component 
analysis of the NIR spectra. 
The aims of this study were to: a) further investigate 
the feasibility of establishing farm-scale NIR calibra-
tion models for some of the most common farm soil 
mapping properties in Sweden (soil texture, SOM, total 
C, total nitrogen, pH and ammonium acetate lactate 
(AL)-extractable P, K and Mg) with only 25 calibra-
tion samples in order to  increase  sampling  density 
without increasing the cost; b) compare the prediction 
power of six calibration sample sets selected from 
three different sampling selection strategies. The sam-
pling selection  strategies and the calibration  sample 
selection methods were aiming at covering as much of 
the soil variation as possible within all samples  and 
within the calibration samples. For comparison, a 
sampling  strategy and calibration sampling selection 
method simply using a regular grid was included. 
Materials and methods 
Sites and experimental design 
The farms studied were Hacksta (59°33′N, 17°02′E), 
about 70 km north-west of Stockholm, and Sjöstorp 
(55°41′N, 13°19′E), about 20 km north-east of Malmö 
(Fig. 1). Crop rotations at both farms were dominated 
by cereals, and no farmyard manure had been applied 
for many years. The studied area at Hacksta covered 
five adjacent fields with a total area of 97 ha. The soils 
on this farm are dominated by glacial and postglacial 
clay with elements of sandy till (Möller, 1985), and 
vary from loam to clay with only small topographical 
differences. At Sjöstorp, 10 fields covering an area of 
78 ha were studied. A clear borderline between two 
different types of glacial till soil divides this farm into 
an 18 ha north-eastern part and a 60 ha south-western 
part. The former consists of sandy till, while the latter 
consists of clay till with elements of chalk, changing to 
glacial clay close to the borderline. 
 
Fig 1. The location of the two farms. 3 
 
The soil samples in this study were taken according to 
three strategies for selecting soil sample locations to 
capture the spatial soil variation at the farm. The three 
datasets were sampled according to: a), ECa  values 
(EC), b) reflectance values from a satellite image 
(SAT) or c) for comparison, a regular grid (REG). The 
samples were collected at a density of approximately 
1.5 samples per ha resulting in about 130 samples each 
in the REG, EC and SAT strategies at Sjöstorp and 
about 150 samples each at Hacksta. The soil samples 
(0–20 cm depth) were taken in autumn 2005 at Hacksta 
and autumn 2006 at Sjöstorp. Twenty sub-samples 
within a radius of about 6 m were bulked to form a 
composite sample. The ECa  values were recorded in 
spring 2005 at Hacksta and in spring 2006 at Sjöstorp 
using EM38 (Geonics Ltd., Mississauga, Ontario, 
Canada). The measurements were carried out at inter-
vals of about 10 m at Hacksta and 24 m at Sjöstorp 
along transects parallel to the tramlines. The satellite 
data used at Hacksta was the 1580–1750 nm band from 
a 10 m resolution SPOT 5 scene recorded on 21 March 
2003. At Sjöstorp the 750–900 nm band from a 25 m 
resolutionLandsat7 scenerecordedon23 March2003 
wasused. The satellite data were obtained from the 
Swedish Land Survey. The strategy for targeted sam-
pling adopted here was a directed sampling that 
through an iterative procedure selects samples from an 
exhaustive data set (ECa values or reflectance values 
from a satellite image in this case). The ultimate goal 
of that selection procedure was to be able to produce a 
map of the variable which should be as similar as 
possible to a mapproduced using all data in the exhaus-
tivedata set. An automated method was used, described 
by Olsson and Söderström (2003) that minimizes the 
differences between these maps. In addition, it fulfils 
some other criteria, such as fairly even spatial coverage 
of sites and sampling no closer than 15 m to field bor-
ders and 12 m to locations already selected. This pro-
cedure of stratified,  directed sampling includes the 
following steps: creation of a map of the ancillary data, 
subdivision of the fields into 1.5 ha cells and an itera-
tive process inserting sampling sites successively in 
order to reach the desired number of samples or sam-
pling density. 
Soil analyzes 
Before all analyses, the soil was air-dried and crushed 
to pass a 2 mm sieve. Vis–NIR spectra were collected 
on all samples from the REG, EC and SAT sampling 
strategies using a FieldSpec Pro FR scanning instru-
ment (Analytical Spectral Devices Inc., Boulder, CO, 
USA). The instrument was equipped with a bare optic 
fibre. The fibre was assembled together with a 20 W 
Al-coated halogen tungsten light source 7 cm over the 
soil sample, resulting in a field of view of ∼7.5 cm
2. 
Reflectance spectra were recorded in relation to an 
external white reference (Spectralon). Each spectrum 
comprised 100 averaged sub-spectra from a rotating 
sample, covering a total sample area of about 50 cm
2. 
Reflectance spectra from two sub-samples of each soil 
sample were recorded. The spectral range was 350–
2500 nm at 1.4–2.0 nm intervals with a resolution of 
3–10 nm. The vis–NIR region defined as 430–2500 nm 
was used. The shortest wavelengths were excluded due 
to excessive noise. 
Soil samples to be used in the vis–NIR calibrations 
were selected for conventional laboratory analyses for 
soil texture, SOM content, total C, total N, pH and P–, 
K– and Mg–AL. Soil texture was divided into clay (< 
0.002 mm), silt (0.002–0.063 mm) and sand (0.063–2 
mm). Clay content was analysed using a sedimentation 
method modified from Gee and Bauder (1986), the 
sand fraction was determined by sieving and the silt 
fraction was determined by difference. Total C was 
analysed through dry combustion at 900 °C with a 
vario MAX analyser (Elementar, Analysensysteme 
GmbH, Hanau, Germany) and SOM was analysed by 
loss on ignition (LI) corrected for loss of structural 
water from clay minerals (Ekström, 1927) according 
to:  SOM=LI−0.46−0.047×clay  content  (%).  Total  N 
was analysed through dry combustion at 1250 °C with 
a LECO® FP-428 analyser (LECO Corporation, St. 
Joseph, MI, USA) and pH was measured in deionised 
water at a soil:water volume ratio of 1:5 (SS-ISO 10 
390). P–AL, K–AL, Ca–AL and Mg–AL were ana-
lysed according to Egnér et al. (1960) (SS-02 83 10). 
Calibration sample selection 
From each of the three sample sets REG, EC and SAT, 
25 calibration samples were selected in two different 
ways resulting in six different calibration sets (Table 
1). One method of selection was applied on all three 
sample sets. With this method the 25 samples from 
each set were selected according to their vis–NIR 
spectra denoted as subscript associated to the original 
sample set (REGNIR, ECNIR  and SATNIR) to cover as 
much of the spectral variation between samples as 
possible, manifested by extremes in the first five prin-
cipal components in a principal component analysis 
(PCA). Thus for each of the five principal components, 
2–3 samples with the highest positive scores and 2–3 
samples with the highest negative scores were chosen, 
with the larger number of samples chosen in the first 
components. The other  methods of selecting calibra-
tion samples differed with sample set. In the EC and 
SAT strategies, 25 samples were selected according to 
their ECa or reflectance values, respectively, (ECEC and 
SATSAT) using the same targeted sampling strategy as 
described earlier. In practice this means that the 25 first 
samples of the original sample sets,  supposed to 
represent as much of the variation in ECa or reflectance 
values as possible, were selected for calibrations. In  4 
 
Table 1. Summary of the different NIR calibration datasets. 




REGREG  according to a regular grid  according to a regular 
grid 
REGNIR  according to a regular grid  according to NIR  
spectra 
ECEC  targeted according to ECa 
values 
according to ECa values 
ECNIR  targeted according to ECa 
values 
according to NIR 
spectra 
SATSAT  targeted according to a 
satellite image 
according to a satellite 
image 
SATNIR  targeted according to a 
satellite image 
according to NIR 
spectra 
addition to the calibration selection methods designed 
to cover as much of the soil variation as possible, 25 
samples from the REG strategy were selected for com-
parison simply by selecting approximately every fifth 
sample distributed in a coarser regular grid (REGREG). 
Some of the samples co-insided and were included in 
more than one calibration set, resulting in 122 soil 
samples with reference analyses at Hacksta and 125 at 
Sjöstorp. 
NIR calibrations 
The recorded NIR spectra were transformed to absor-
bance by log(reflectance
−1) and the two replicates were 
averaged. To enhance weak signals, reduce noise and 
reduce light scatter effects influencing  the baseline, 
each vis–NIR spectrum was transformed and smoothed 
by  first-order, 17-point (Hacksta) or 25-point 
(Sjöstorp) Savitzky–Golay derivative (Savitzky and 
Golay, 1964). At each farm, vis–NIR  spectra were 
calibrated to the soil properties by partial least squares 
(PLS) regression (Martens and Naes, 1989) using the 
six different  calibration datasets. Cross-validation 
through a leave-one-out procedure was used to deter-
mine the optimum number of PLS factors included in 
the calibrations. 
In the absence of a separate validation sample set, 
comparisons between the different strategies were 
made in two steps to allow for as large and diverse 
validation sets as possible. In step one, the calibration 
sample selection methods were compared within each 
spatial sample distribution strategy, allowing samples 
from the remaining two strategies to be used in the 
validation (Fig. 2). Thus, the calibration models based 
on REGREG and REGNIR were validated using samples 
from the EC and SAT calibration sample sets, ECEC 
and ECNIR using REG and SAT calibration data, etc. 
The calibration resulting in the lowest RMSEP values 
of each pair (ECEC  −  ECNIR, REGREG  –  REGNIR  and 
SATSAT − SATNIR) was considered the better of the  
 
Fig. 2. Schematic diagram of the two steps in the comparison 
between the different sample strategies. X is the better of the 
two selection methods compared in step 1 and Y. 
is the other selection method.two. The calibration 
sample selection method that gave the best results in 
the majority of the comparisons at each farm was con-
sidered best and selected for step two. In step two, 
these sample selection methods were used for compar-
ing the three sampling strategies (REG, EC and SAT). 
In this step the sample sets remaining from step one 
were used as a common validation set (Fig. 2). 
In addition, calibration models with all reference 
samples were made for all soil parameters at each farm 
by randomly selecting 75% of the reference samples 
for calibration and the remaining 25% for validation. 
Comparing the results from these models with the 
calibration models using only 25 calibration samples 
can provide information on the stability and potential 
for farm-scale predictions of the different soil proper-
ties. 
All validations were evaluated by the r
2 value of the 
relationship between the NIR estimate of the soil prop-
erty and the reference measurement, the root mean 
squared error of prediction (RMSEP) and the ratio of 
performance to deviation (RPD) (standard deviation 
(s.d.) divided by RMSEP) (Williams, 1987). All NIR-
data analyses and statistics were performed using Un-
scrambler 9.7 (CAMO PROCESS AS, Oslo, Norway). 
Results 
The range in the different soil parameters for the labor-
atory analyses on all reference samples at Hacksta and 
Sjöstorp is presented in Table 2 . In general, there were 
only small differences between the calibration sets. 
However, for example at Sjöstorp, SATSAT failed to 
include the highest values in several parameters. 
Hacksta soils were considerably finer textured than 
Sjöstorp, where the sand fraction was generally larger. 
At Sjöstorp, the highest clay and SOM contents were 
found in an area close to the borderline between the 
clay till and the sandy till in the area with glacial clay, 
and many of the soil parameters had high values in this 
area. Correlations between the soil parameters at both 
farms are presented in Tables 3 and 4.  5 
 
Table 2. Range and mean for the laboratory analyses on all reference samples and on the six calibration sample sets (not mean) 
at Hacksta and Sjöstorp 
  All ref.
1    REGREG  REGNIR  ECEC  ECNIR  SATSAT  SATNIR 
  mean  range    range  range  range  range  range  range 
Hacksta                 
Clay (%)  47  22-66    30-59  31-66  22-62  31-60  32-62  29-66 
Silt (%)  39  25-58    28-50  25-48  28-49  26-58  30-51  25-47 
Sand (%)  14  2-47    3-34  3-34  2-47  2-28  3-30  3-38 
SOM (%)  4.0  1.5-8.0    1.8-6.7  1.5-6.1  1.8-8.0  1.5-6.9  1.9-7.5  1.8-7.5 
tot C (%)  2.3  1.3-4.1    1.5-3.7  1.4-3.0  1.4-4.1  1.4-3.0  1.3-3.5  1.4-3.5 
tot N (%)  0.23  0.13-0.55    0.14-0.55  0.14-0.32  0.14-0.41  0.14-0.32  0.13-0.33  0.13-0.34 
pH  6.6  5.9-7.6    6.4-7.0  6.2-7.5  6.4-6.8  6.2-6.9  6.0-7.0  5.9-7.6 
P-AL (mg 100 g
-1)  9  2-39    4-18  3-22  2-21  2-23  4-19  4-39 
K-AL (mg 100 g
-1)  21  12-39    15-39  13-39  12-30  16-33  12-39  14-39 
Mg-AL (mg 100 g
-1)  33  11-65    19-64  12-65  14-56  12-57  15-62  11-56 
                   
Sjöstorp                 
Clay (%)  25  12-52    12-52  13-52  12-48  12-49  12-43  14-51 
Silt (%)  28  13-38    25-37  22-37  19-38  24-35  13-34  13-38 
Sand (%)  46  12-73    12-62  12-65  14-65  18-63  27-73  18-73 
SOM (%)  3.2  2.0-7.4    2.0-7.0  2.0-7.4  2.2-6.6  2.5-7.0  2.0-4.3  2.0-4.7 
tot C (%)  1.8  1.2-3.9    1.3-3.4  1.3-3.9  1.3-3.2  1.3-3.9  1.2-2.3  1.4-3.4 
tot N (%)  0.18  0.12-0.39    0.12-0.33  0.12-0.39  0.12-0.34  0.14-0.39  0.12-0.23  0.13-0.24 
pH  6.9  6.1-7.8    6.1-7.8  6.4-7.7  6.3-7.8  6.2-7.6  6.3-7.7  6.4-7.7 
P-AL (mg 100 g
-1)  10  4-31    4-24  4-31  5-24  4-31  5-30  4-17 
K-AL (mg 100 g
-1)  17  7-38    7-38  7-28  10-28  7-32  11-25  11-32 
Mg-AL (mg 100 g
-1)  12  3-44    5-44  4-44  4-25  5-44  5-23  5-33 
1 All reference samples, 122 at Hacksta and 125 at Sjöstorp 
 
Table 3. Correlation matrix of laboratory analyses for all reference samples at Hacksta 
  Clay  Silt  Sand  SOM  tot C  tot N  pH  P-AL  K-AL  Mg-AL 
Clay  1                   
Silt  -0.26 1                 
Sand  -0.76 -0.43  1               
SOM  0.36  0.50  -0.68  1             
tot C  0.41  0.32  -0.61  0.92  1           
tot N  0.43  0.32  -0.62  0.87  0.96  1         
pH  0.14  -0.38  0.13  -0.30  -0.25  -0.22  1       
P-AL  -0.41 -0.36  0.62  -0.33  -0.27  -0.34  0.28  1     
K-AL  0.19  -0.32  0.04  -0.02  0.08  0.06  0.38  0.39  1   
Mg-AL  0.45  0.45  -0.72  0.68  0.62  0.62  -0.11  -0.48  -0.12  1 
 
Table 4. Correlation matrix of laboratory analyses for all reference samples at Sjöstorp 
  Clay  Silt  Sand  SOM  tot C  tot N  pH  P-AL  K-AL  Mg-AL 
Clay  1                   
Silt  0.42  1                 
Sand  -0.95 -0.68  1               
SOM  0.39  0.35  -0.44  1             
tot C  0.46  0.24  -0.46  0.77  1           
tot N  0.33  0.25  -0.35  0.91  0.88  1         
pH  0.60  0.24  -0.56  -0.07  0.02  -0.12  1       
P-AL  -0.18 -0.26  0.24  -0.04  0.07  0.06  0.06  1     
K-AL  0.64  0.27  -0.61  0.27  0.41  0.26  0.43  0.25  1   




Step one, comparing calibration sample 
selections 
In the pair-wise comparison between selecting calibra-
tion samples according to vis–NIR spectra or accord-
ing to a regular grid, ECa values or a satellite image 
(Fig. 2), no general conclusions could be drawn regard-
ing the best method. At Sjöstorp, the selection accord-
ing to vis–NIR resulted in the best predictions in the 
majority of the calibrations, whereas the opposite was 
true at Hacksta (predictions not shown). Therefore, 
REGREG, SATSAT  and ECEC  at Hacksta and REGNIR, 
SATNIR and ECNIR at Sjöstorp were chosen for further 
comparison in step two. 
Step two, comparing sampling strategy 
Prediction results comparing  the different sampling 
strategies at the two farms are presented in Table 5. At 
Hacksta, the SATSAT strategy performed better than the 
other two, with lower RMSEP values and higher r
2 
values for almost all parameters, but the differences 
were generally quite small. At Sjöstorp, on the other 
hand, no sampling strategy was markedly better than 
the other. In general, predictions were somewhat better 
at Hacksta than at Sjöstorp. At Hacksta the best predic-
tions were those of SOM, total C, total N and sand. At 
Sjöstorp, clay content was best predicted whereas the 
predictions of SOM and total C resulted in r
2 values of 
only 0.46 and 0.41 at best, respectively, compared with 
0.89 and 0.87 at Hacksta, and in RPD values of only 
half that at Hacksta. Silt, pH and the AL-extractable 
plant nutrients resulted in less reliable predictions, with 
sometimes quite large differences between the three 
methods. 
All reference samples 
Predictions by the calibration models made on all 
reference samples at both farms are presented in Table 
6. At both farms, the majority of the calibrations, re-
sulted in r
2  values between 0.73 and 0.95 and RPD 
values between 2.0 and 3.7. Predictions for silt resulted 
in RMSEP values comparable to those for both clay 
and sand, but with r
2 values of about 0.63 at Sjöstorp. 
At Hacksta, the resulting r
2  and RPD values for pH 
were rather low compared with those at Sjöstorp, de-
spite similar RMSEP values. 
 
Table 5. Prediction results from VisNIR calibration models at Hacksta and Sjöstorp in step two, comparing the three different 
sample distribution strategies 
  REG
1    EC




2  RMSEP  RPD    PC  R
2  RMSEP  RPD    PC  R
2  RMSEP  RPD 
Hacksta                             
Clay (%)  04  0.72  4.400  1.9    08  0.77  4.000  2.1    05  0.76  4.100  2.0 
Silt (%)  05  0.58  4.200  1.6    03  0.31  5.400  1.2    05  0.61  4.100  1.6 
Sand (%)  10  0.81  3.600  2.3    09  0.84  3.300  2.6    10  0.87  3.000  2.8 
pH  04  0.28  0.230  1.2    08  0.39  0.210  1.3    09  0.50  0.190  1.4 
SOM (%)  08  0.88  0.480  3.0    06  0.81  0.620  2.3    11  0.89  0.470  3.0 
tot C (%)  08  0.85  0.200  2.6    06  0.86  0.190  2.7    10  0.87  0.190  2.8 
tot N (%)  02  0.45  0.040  1.4    06  0.82  0.023  2.4    10  0.89  0.018  3.0 
P-AL (mg 100g
-1)  06  0.51  4.900  1.4    02  0.33  5.800  1.2    06  0.66  4.100  1.7 
K-AL (mg 100g
-1)  07  0.68  2.600  1.8    06  0.58  3.000  1.6    10  0.48  3.300  1.4 
Mg-AL (mg 100g
-1)  02  0.67  7.300  1.8    04  0.77  6.200  2.1    05  0.75  6.400  2.0 
                             
Sjöstorp                             
Clay (%)  04  0.80  4.100  2.3    05  0.87  3.300  2.8    02  0.79  4.200  2.2 
Silt (%)  04  0  3.800  1.0    01  0  3.900  1.0    01  0  3.700  1.0 
Sand (%)  04  0.67  6.500  1.8    04  0.74  5.800  2.0    03  0.54  7.700  1.5 
pH  01  0.64  0.280  1.7    03  0.52  0.320  1.5    01  0.59  0.300  1.6 
SOM (%)  03  0.45  0.630  1.4    10  0.19  0.760  1.1    04  0.46  0.620  1.4 
tot C (%)  06  0.36  0.290  1.3    04  0.35  0.300  1.2    10  0.41  0.280  1.3 
tot N (%)  04  0.33  0.031  1.2    04  0.44  0.029  1.3    04  0.40  0.030  1.3 
P-AL (mg 100g
-1)  07  0.40  4.000  1.3    04  0.26  4.400  1.2    11  0.60  3.300  1.6 
K-AL (mg 100g
-1)  12  0.02  5.300  1.0    03  0.20  4.800  1.1    02  0.16  4.900  1.1 
Mg-AL (mg 100g
-1)  08  0.53  3.500  1.5    04  0.38  4.000  1.3    09  0.72  2.700  1.9 
1 REGREG at Hacksta, REGNIR at Sjöstorp 
2 ECEC at Hacksta, ECNIR at Sjöstorp 
3 SATSAT at Hacksta, SATNIR at Sjöstorp 
4 Number of PLS components used in the model. n is models using NIR measurements, v is models using VisNIR measurements 7 
 
Table 6. NIR or VisNIR calibration models made on all reference samples at Hacksta and Sjöstorp. For validation, 25% of the 
samples were randomly selected and kept out of the calibrations (31 out of 122 at Hacksta and 31 out of 125 at Sjöstorp)  
  Hacksta    Sjöstorp 
   PC
1  R
2  RMSEP  RPD    PC  R
2  RMSEP  RPD 
Clay (%)  5  0.75  3.600  2.3    07  0.95  2.700  3.7 
Silt (%)  9  0.73  3.400  1.8    11  0.63  2.800  1.5 
Sand (%)  5  0.93  2.500  3.4    10  0.91  3.800  3.3 
pH  8  0.65  0.100  1.6    13  0.85  0.150  2.8 
SOM (%)  7  0.94  0.420  3.7    13  0.86  0.400  2.7 
tot C (%)  4  0.89  0.160  3.4    08  0.92  0.170  2.9 
tot N (%)  5  0.85  0.024  2.7    11  0.82  0.016  2.7 
P-AL (mg 100g
-1)  7  0.48  3.300  1.7    09  0.78  3.000  1.9 
K-AL (mg 100g
-1)  7  0.87  1.900  2.8    04  0.68  2.800  2.0 
Mg-AL (mg 100g
-1)  6  0.83  5.800  2.3    07  0.90  2.600  2.5 





The low RMSEP values for clay at both farms when 
using 25  calibration samples (3.3–4.4%) (Table 5) 
were well in line with a number of other studies, often 
using substantially larger calibration sets (Chang et al., 
2001; Moron and Cozzolino, 2003; Sørensen and 
Dalsgaard, 2005; Wetterlind et al., 2008a). Taking the 
variation in clay content into account, the RPD values 
(1.9–2.1 and 2.2–2.8 at Hacksta and Sjöstorp respec-
tively) are comparable to, or better than, values  re-
ported by others, regardless of scale (Malley et al., 
2000; Chang et al., 2001; Viscarra Rossel et al., 2006; 
Waiser et al., 2007). As is evident in the comparison 
with the predictions for clay content by  calibration 
models using 75% of the reference samples (Table 6), 
the inclusion of more than 25 samples in the calibra-
tion was able to increase the prediction performance 
even more. RMSEP values of less  than 3% as for 
Sjöstorp using 75% of all reference samples (2.7%) 
have only been reported in a few studies (Sørensen and 
Dalsgaard, 2005;  McCarty and  Reeves, 2006; van 
Vuuren et al., 2006; Viscarra Rossel et al., 2006) and 
must be close to the limit of what is possible con-
sidering errors in sampling and the reference method. 
However, 25 calibration samples were sufficient for 
building fairly reliable calibration models for predict-
ing clay at these two farms. 
Compared with predictions for clay content, silt and 
sand predictions have often been proven to be more 
difficult. In our study, predictions for silt and sand 
using 25 calibration samples resulted in RMSEP values 
of about the same range as for clay (3.7–5.4%). Moron 
and Cozzolino (2003) and Sørensen and Dalsgaard 
(2005) presented similar results in nation-wide studies 
in Uruguay and Denmark, respectively, while Viscarra 
Rossel et al. (2006) reported RMSE values of 2.35% 
for silt (r
2=0.41) and 3.30% for sand (r
2=0.59) at a 17.5 
ha field in New South Wales, Australia. Others have 
reported SEP and RMSECV values between9.8 and 
13.2% for silt and 11.9–17.6% for sand (Malley et al., 
2000; Chang et al., 2001; Islam et al., 2003). 
As can be seen in Tables 5 and 6, the calibration 
models for silt were not as good as those for sand at 
either farm, despite the equally low RMSEP values, 
especially for Sjöstorp. The fact that silt was not meas-
ured directly but rather as a difference might be part of 
the explanation for this, as errors in the reference me-
thods are added. It could also to some extent be ex-
plained by differences in the variation. The variations 
in clay and sand content were similar at both farms, but 
the variations in silt content were slightly smaller at 
Hacksta and less than half the variations in clay and 
sand at Sjöstorp. 
At Sjöstorp there was a strong negative correlation 
between clay and sand (r
2=0.90) (Table 4). Since the 
dominant minerals in the sand fraction, quartz and 
feldspars, are nearly spectrally featureless (Hunt et al., 
1973), whereas clay minerals show intrinsic spectral 
features caused by a variety of electronic and vibra-
tional processes (Hunt, 1977), it could be suspected 
that more or less the same spectral features as for clay 
were used in the sand calibrations at Sjöstorp. This was 
further supported by the fact that using clay only as a 
predictor for sand resulted in comparable r
2  and 
RMSEP values with 75% of the samples included in 
the calibration as the corresponding vis–NIR calibra-
tion. However, the prediction for sand was better than 
that for clay at Hacksta. In addition, the correlation 
between clay and sand content was moderate (r
2=0.53) 
and using clay to predict sand resulted in considerably 
lower r
2 value and twice as high RMSEP values com-
pared with the corresponding vis–NIR calibration 
when 75% of all reference samples were included in 
the calibration. At Hacksta, some extra information 
other than that corresponding to clay content was clear-8 
 
ly used in the NIR spectra, but these features could not 
be elucidated within the scope of this paper. 
Using 75% of all reference samples in the calibra-
tions improved the prediction results for both silt and 
sand at both farms. At Sjöstorp, the silt predictions in 
particular were greatly improved, with an increase in r
2 
from about 0 to 0.63 which is comparable to the best 
predictions using 25 calibration samples at Hacksta. 
Thus, 25 calibration samples might be too few, at least 
for silt, at Sjöstorp. 
SOM and total C 
The results from calibration models using 25 calibra-
tion samples for predicting SOM and total C at Hack-
sta (Table 5) were comparable to those from earlier 
studies on farm- or field-scale calibrations (Udelhoven 
et al., 2003; McCarty and Reeves, 2006; Viscarra 
Rossel et al., 2006; Wetterlind et al., 2008a). However, 
the result at Sjöstorp was less satisfactory. Low corre-
lations between clay content and SOM and total C 
indicate that they were independently calibrated and 
not a function of clay (Tables 3 and 4). Although the 
RMSEP values were reduced at both farms when using 
75% of all reference samples in the calibration, the r
2 
values were only slightly improved at Hacksta (Tables 
5 and 6), which indicates fairly stable calibrations. At 
Sjöstorp, on the other hand, the r
2 value increased from 
0.46 at best to 0.86. The less stable results at Sjöstorp 
might be explained by the fact that Sjöstorp has parts 
with quite low clay content. Stenberg et al. (2002) and 
Sørensen and Dalsgaard (2005) found that the calibra-
tions for SOM gave better predictions for soil with 
high clay content. In addition, the variation in the 
geologically divided farm could be too complicated for 
the 25-sample calibrations to embrace. 
Total N 
At Hacksta, predictions for total N were equally good 
with 25 calibration samples as with 75% of all refer-
ence samples included in the calibration, which indi-
cates fairly stable calibrations. However, as for SOM, 
RMSEP values decreased and r
2 increasedfrom0.44 to 
0.82 at Sjöstorp when 75% of all references samples 
were included in the calibration compared with using 
only 25 calibration samples. The explanation for the 
inferior results at Sjöstorp is probably the same as for 
SOM. Total N was highly correlated to SOM (r
2 about 
0.80) at both farms and the vis–NIR predictions of N 
resulted in no improvement compared with simply 
using total C or SOM as the sole predictor using 75% 
of all reference samples (RMSEP=0.020%, r
2=0.91 at 
Hacksta and RMSEP=0.019%, r
2=0.82 at Sjöstorp) 
compared with NIR (Table 6). This can be compared 
with findings by Fystro (2002), who reported improved 
predictive capacity for total N using vis–NIR com-
pared with using organic C as the predictor, but no 
improvement at all using loss of ignition as the sole 
predictor. 
pH 
The calibrations for pH resulted in rather good predic-
tions at Sjöstorp, whereas the results at Hacksta were 
less reliable. The low RMSEP values at both farms for 
the calibration models using 25 samples were compa-
rable to those of 0.14–0.33 reported by Malley et al. 
(1999), Reeves et al. (1999), Viscarra Rossel et al. 
(2006), Mouazen  et al. (2007) and Zornoza et al. 
(2008). The corresponding r
2  values in these studies 
were between 0.54 and 0.73, which are similar to the 
results at Sjöstorp using 25 calibration samples. At 
Hacksta, however, with only half the standard devia-
tion compared with Sjöstorp, the r
2 values were not as 
good. Using75%of all reference samples resulted in 
more reliable predictions at Hacksta and at Sjöstorp r
2 
values were as high as 0.85 at best, which is in line 
with the better results reported previously (Dunn et al., 
2002; Moron and Cozzolino, 2002; He et al., 2007) 
(r
2=0.80, 0.91 and 0.86; RMSE=0.32, 0.09 and 0.26 
respectively). The better predictions at Sjöstorp might 
be explained by the fact that the pH was somewhat 
correlated to clay content, which was not the case at 
Hacksta, or to carbonate suspected to be present main-
ly in most clayey areas. Both clay and carbonate pro-
mote a better buffering capacity of soil and could ex-
plain pH variations at the farm scale. 
AL-extractable plant nutrients Farm-scale calibration 
models for predictions of P–, K– and Mg–AL appear to 
be feasible with a sufficient number of calibration 
samples. Using only 25 samples in the calibrations 
resulted in some cases in RPD values around 2, but 
mostly in less reliable results (Table 5), whereas using 
75% of the reference samples in the calibrations re-
sulted in RPD values between 1.7 and 2.8. It is difficult 
to compare the results for P–, K–, and Mg–AL content 
with those of other studies in terms of RMSEP values 
due to a variety of different analytical methods result-
ing in the retrieval of different portions of the nutrient 
in question. However, RPD values of around 2 have 
been reported in several studies for different types of 
analytical methods for all the nutrients included in this 
study (Malley et al., 1999; Chang et al., 2001; Dunn et 
al., 2002; Islam et al., 2003; van Groenigen et al., 
2003; van Vuuren et al., 2006; Zornoza et al., 2008). 
Swedish fertilisation recommendations for P and K are 
based on classification of the K–AL and P–AL values 
into five classes, with the recommendations aiming to 
slowly move towards the middle class. In terms of 
RMSEP values, using 25 samples in the calibration for 
predictions of K–AL at Hacksta resulted in an RMSEP 
value of about 3 mg 100 g
−1. The practical conse-
quence of the validation is that the predictions never 
fail by more than one class (confidence interval of 
95%). At, Sjöstorp, 75% of all reference samples were 




Fig. 3. Absolute error (square root (predicted-measured)
2) in relation to measured Mg-AL for calibration models using the calibra-
tion set a) SATSAT and c) REGNIR, as well as predicted versus measured Mg-AL for calibration models using the calibration set b) 
SATSAT and d) REGNIR. 
 
could be an artefact of the way validation samples 
were selected in this study.g
−1. For predictions of P–
AL, an RMSEP value of 3 mg 100 g
−1 means on aver-
age failure by at most one class, but with a 95% confi-
dence interval by up to two classes if the predictions 
are in the lowest classes. This error corresponds to 
15kgP ha
−1  in fertilisation recommendations for ce-
reals. With one exception, RMSEP values close to 3 
mg 100 g
−1 were only reached using 75% of all refer-
ence samples in the calibration at both farms.  For 
comparison, the reported laboratory uncertainty was 
±20% of reading values. 
One possible explanation for the good results for 
predictions of Mg–AL could be correlations to texture. 
At Sjöstorp, Mg–AL was strongly correlated to clay 
(Table 4), and clay content alone could predict Mg–AL 
with r
2=0.67 and RMSEP=3.8 with the same 75% of 
the reference samples in the calibration. At Hacksta, 
Mg–AL was negatively correlated to sand (Table 3) 
and sand content predicted Mg–AL with r
2=0.50 and 
RMSEP=9.6. Similarly to Sjöstorp, this could be part 
of the explanation for the good calibrations, but only to 
some extent. Obviously there are features in the NIR 
spectra related to AL-extractable nutrients that are not 
related to texture. 
Distribution of calibration samples 
At Hacksta, the importance of including the total varia-
tion within the calibration samples to obtain good 
predictions was, at Hacksta, most evident for REGNIR 
and ECNIR  compared with REGREG  and ECEC  when 
predicting SOM and total C. This correlation could 
also be seen at Sjöstorp for SATSAT and ECEC com-
pared with SATNIR  and ECNIR  when predicting Mg–
AL. However, when examining all calibrations, this 
explanation for better prediction results was not fully 
consistent. One of the reasons for this could be that the 
validation samples did not always include as much of 
the variation as was required, which to some extent 10 
 
could be an artefact of the way validation samples 
were selected in this study. 
As the predicted samples exceeded the range of the 
calibration samples the absolute error often increased, 
as illustrated by Mg–AL at Sjöstorp (Fig. 3). Excluding 
the samples that exceeded the range of the calibration 
samples, leaving only the samples within the calibra-
tion set range for validation, resulted in reduced 
RMSEP values and higher r
2 values. These predictions 
were often better than the predictions on all validation 
samples made by calibration models that included 
more of the total data range in the calibration set. Pre-
dicting the reduced validation set with these models 
often did not result in much better prediction statistics, 
although even with these calibrations sometimes gave 
rise to larger prediction errors for the most extreme 
samples. This illustrates a trade-off between getting the 
best possible predictions for the majority of the sam-
ples and managing to sufficiently well predict the 
extremes. It could also be seen as an indication that 25 
samples might be too few in some situations, since 
concentrating them to a shorter range improved the 
results. 
At Sjöstorp, SATSAT  failed to include the whole 
range in several soil properties compared with all 
reference samples (Table 2). In many of these cases, 
the majority of the extreme values were found close to 
the borderline between the clay till and the sandy till in 
one of the fields. At the time of the satellite image 
recording, all fields had bare soil or were only sparsely 
covered by vegetation (young crops) except for this 
field, where a denser grass ley was growing. This 
could have led to mistargeting of some samples due to 
a variation not only reflecting a variation in soil para-
meters. A better way would have been to combine 
satellite images from different times so that all fields 
were in the same bare soil condition, since the time of 
collection of the image is of less importance in this 
case. Overall, obtaining suitable satellite images is one 
of the problems in using the SAT strategy. 
Concluding remarks 
Using only 25 calibration samples resulted in good 
predictions for clay at both farms. Sand, SOM, total C 
and total N were well predicted at Hacksta but 25 
samples proved to be too few at the geologically di-
vided farm Sjöstorp. For predicting pH and P–, K–, 
and Mg–AL, more than 25 calibration samples were 
needed at both farms, although with a sufficient num-
ber of calibration samples, these parameters also 
showed potential for building useful vis–NIR calibra-
tions. However, predictions for silt content were less 
reliable and the small number of calibration samples 
did not seem to be the only limiting factor in this case.  
There were no large differences in prediction results 
between the different strategies for selecting calibra-
tion samples in this study and most of the strategies 
managed to cover the important variation in the soil 
parameters compared with all reference samples. How-
ever, 25 calibration samples could be too few, as indi-
cated in some of the soil parameters. 
With this in mind the results presented in this study 
demonstrate the potential for carrying out cost-
effective farm soil mapping based on NIR, the poten-
tial being largest for clay, sand, SOM and total C con-
tent. 
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